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Abstract 
In September 2009 an enormous dust storm swept across eastern Australia. Dust is potentially 
hazardous to health as it interferes with breathing, and previous dust storms have been linked 
to increased risks of asthma and even death. We examined whether the 2009 Australian dust 
storm changed the volume or characteristics of emergency admissions to hospital. We used 
an observational study design, using time series analyses to examine changes in the number 
of admissions, and case-only analyses to examine changes in the characteristics of 
admissions. The admission data were from the Prince Charles Hospital, Brisbane, between 
1 January 2009 and 31 October 2009. There was a 39% increase in emergency admissions 
associated with the storm (95% confidence interval: 5, 81%), which lasted for just one day. 
The health effects of the storm could not be detected using particulate matter levels. We 
found no significant change in the characteristics of admissions during the storm, specifically 
there was no increase in respiratory admissions. The dust storm had a short-lived impact on 
emergency hospital admissions. This may be because the public took effective avoidance 
measures, or because the dust was simply not toxic, being mainly composed of soil. 
Emergency departments should be prepared for a short-term increase in admissions during 
dust storms.  
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1  Introduction 
In September 2009 an enormous dust storm swept across eastern Australia. The storm 
originated in the Lake Eyre Basin of central Australia, and soil from this arid region was 
blown north and east over some of Australia’s biggest cities. On September 24 the storm 
measured 3,450 kilometres long (from North to South) (Schmaltz 2009). A second dust storm 
hit the east coast just a few days later. The storm severely reduced visibility, which caused 
major disruptions to road and air travel. The media reported people experiencing breathing 
difficulties and increased ambulance call-outs. People with asthma and other respiratory 
conditions were advised to stay indoors. It was thought that this would give some degree of 
protection, but the dust was sucked into air conditioners and seeped through gaps in floors 
and walls, leaving a layer of dust on the inside and outside of many homes.  
Dust storms are potentially hazardous to health on a number of levels. Large dust particles 
can deposit in the lung airways, causing tracheo-bronchial irritation, and reactive airway 
disease exacerbations (Taylor 2002). Smaller particles progress further down the 
tracheobronchial tree, inducing inflammation and particulate pneumonitis. Dust storms have 
been associated with an increased risk of asthma in children (Gyan et al 2005; Yoo et al 
2008), and increases in mortality and hospital admissions due to cardiovascular and 
respiratory diseases (Hashizume et al 2010; Perez et al 2008; Chen et al 2004). Dust storms 
can act as a vector for micro-organisms, and have been linked to outbreaks of 
coccidiomycosis (Griffin 2007) and may have the potential to cause pneumonia, meningitis 
and bacteremia (Polymenakou et al 2007).  
The September 2009 dust storm was an unusual event, although a similar storm occurred in 
Australia in 2002 (Chan et al 2005). Dust storms may become more common in Australia as 
the driest continent on Earth becomes even drier due to worsening global warming. There is a 
clear need to estimate the health effects of dust storms in Australia, which may become more 
frequent and severe. We focussed on the acute effects of the storm by examining emergency 
admissions to the Prince Charles Hospital, a large tertiary referral hospital in Brisbane’s 
northern suburbs.  
We had two questions. Did the number of emergency admissions to hospital increase after the 
dust storm, and if so for how long? Did the characteristics of emergency admissions change 
during the dust storm? In particular we were interested in whether the proportion of 
respiratory admissions increased.  
2  Methods 
We studied the effects of the dust storm in Brisbane, Australia, the capital of the state of 
Queensland (27°28’S, 153°01’E). On 30 June 2009 Brisbane had a population of 1,052,458. 
Brisbane has a sub-tropical climate with average January (summer) daily maximum 
temperatures of 30.3 °C, and average July (winter) maximum of 21.9 °C.  
2.1  Pollution and health data 
Particulate matter levels are sensitive to the levels of dust in the air, and are monitored hourly 
at four fixed stations in Brisbane. These stations measure particulate matter less than 2.5 μm 
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and 10 μm in aerodynamic diameter, and also measure daily levels of air temperature and 
humidity. Daily estimates of particles and weather variables were made by averaging the 
levels from the four sites. Daily visibility at midday was obtained from the station in the city 
centre. The visibility data relates to visibility loss due to fine particles (particularly particles 
from combustion processes), and not to visibility loss due to other factors such as rain.  
The health data were the emergency admissions to the Prince Charles Hospital from 
1 January 2009 to 31 October 2009. The admissions in the period prior to the start of the dust 
storm (23 September) were used as a control period to compare with the admissions during 
the dust storm. We examined admissions up to 31 October as we believed that any effects of 
the dust storm would have ended by this date.  
2.2  Time series of the number of admissions 
We plotted the time series of the daily numbers of: emergency admissions, particulate matter 
levels, visibility and weather variables. We also examined simple summary statistics of the 
emergency admissions before and after dust storm.  
We investigated the effects of the dust storm in two ways: i) using the daily levels of 
particulate matter, ii) using the timing of the dust storm. We examined both PM10 and PM2.5 
measures of particulate matter, and modelled a delayed effect between exposure and 
admission of up to 21 days. We log transformed the particulate matter levels because of the 
strong skew in the distribution caused by the dust storm.  
We used the following Poisson regression model of the daily number of hospital admissions, 
 
Yt  ׽  Poisson(μt),       t = 1,…,n,
 
 
 
log(μt) = α0+α1:6DOWt+α7holidayt+s(t,5)+
 
 
 
 
ns(temperature{t−21,…,t},4,4)+f (dust storm{t−21,…,t}), 
 
 
 
where Yt is the number of admissions on day t, DOW is the day of the week, and holiday is a 
binary variable for holidays (Barnett and Dobson 2010). To control for any trends or seasonal 
patterns in admissions we used a penalised spline s(,5) with 5 degrees of freedom per year 
(Bell et al 2008). To control for temperature we modelled a lagged effect over the previous 
21 days and a non-linear effect using a natural spline (ns) (Gasparrini et al 2010). We used 
four degrees of freedom for both the lagged and non-linear effect. f () is a function that 
models the effect of the dust storm. We tried three different functions that we detail below.  
We estimated the effects of the dust storm using the following third order polynomial 
distributed lag model,  
 
f (dust storm{t−21,…,t}) =
 
21
∑
d=0 
α0 + α1 pollutiont−d +α2 pollution2t−d 
 
 
 
+α3 pollution3t−d,        t = 1,…,n,
 
 
where pollutiont is the daily level of log-transformed PM10 or PM2.5. We fitted this model 
using the “dlnm” library in the R software (Gasparrini et al 2010).  
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For the two other dust storm models we examined the effects by time, rather than using the 
measured levels of particulate matter. We assumed a constant change in admissions between 
a start and end date using, 
 
f (dust storm{t−21,…,t}) =
 
{ ζ,        start ≤ t ≤ end,0,        otherwise.
 
 
(1)
 
To estimate the start and end dates we fitted separate models for a start date from 0 to 7 days 
after the first day of the storm, and an end date from 1 to 21 days after the start. We selected 
the optimal start and end dates as those with the lowest deviance information criterion (DIC) 
(Spiegelhalter et al 2002). This model was fitted using the JAGS software (Plummer 2010).  
For our second timing model, we modelled a delayed effect of up to 21 days after the start of 
the dust storm using,  
 
f (dust storm{t−21,…,t}) =
 
21
∑
d=0 
γd , 
 
(2)
 
γd  ׽ N(0,σ2d),       d = 0,…,21, 
 
 
 
σ2d = exp(ηd)Σ2,
 
Σ2  ׽ Uniform(0,105),
 
 
 
η  ׽ 
 
Uniform(−30,0).
 
 
This model assumes the effects of the dust storm approach zero as the time since the start of 
the storm increases (Welty et al 2009). The model assumes an exponential decay in the 
variance σ2d, with the rate of decay controlled by the parameter η. This model was also fitted 
using the JAGS software.  
All results are presented in terms of the percent change in admissions with 95% confidence 
intervals, or credible intervals (CIs) for the models fitted using JAGS. The residuals from the 
final models were checked for independence using the cumulative periodogram test (Barnett 
and Dobson 2010).  
2.3  Modelling the characteristics of admissions 
To examine whether the characteristics of emergency admissions changed during the dust 
storm we used logistic regression with a dependent variable of admitted during the dust storm 
(yes/no), and independent variables of age, sex, length of stay (days), acute admission 
(yes/no), respiratory admission (yes/no) and cardiovascular admission (yes/no). This is a 
case-only analysis, and should be able to detect individual factors that changed during the 
dust storm (Schwartz 2005). We tested the importance of the variables using multiple 
regression, and found the best model using the Akaike information criterion (AIC) (Akaike 
1974), using the “bestglm” library in the R software (McLeod and Xu 2010).  
We defined the dust storm in two ways: i) for one week after the start of the storm (23–29 
September), ii) for the time interval identified as the peak for emergency admissions using 
Model (1). For both definitions we used a control period of the week before the storm. We 
used two definitions in order to compare different assumptions about the length of the storm. 
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As an alternative to logistic regression we also used a classification tree (Breiman et al 1984). 
We used a dependent variable of dust storm (yes/no), with independent variables of: sex, age, 
length of stay, acute admission, respiratory admission, cardiovascular admission, admission 
status, admission unit, admission type, admission source, diagnosis related group (Australian 
revision version 5) and major diagnostic category. Many of these independent variables have 
a large number of categories, which are not suited to logistic regression because the numbers 
in each category are sparse. A classification tree overcomes this problem by examining all 
possible combinations of the categories. This gives the classification tree the ability to find an 
important change during the dust storm in either a narrow or broad range of admission 
characteristics. Although the classification tree tests many combinations it is protected 
against spurious statistical findings by using cross-validation (Breiman et al 1984). This 
model was fitted using the “rpart” library in the R software (Therneau and Atkinson 2009).  
We used routinely collected data that were de-identified and so did not seek individual patient 
consent. The study was approved by The Prince Charles Hospital Human Research Ethics 
Committee.  
3  Results 
Figures 1 and 2 show the massive increases in particulate matter (PM) due to the dust storm. 
On 23 September 2009 the PM10 particle levels were 894 μg/m3 and PM2.5 levels were 
138 μg/m3. These levels far exceeded the Australian National Environment Protection 
Measures for Ambient Air Quality standards of 50 μg/m3 for PM10 and 25 μg/m3 for PM2.5. 
The levels remained unusually high for around 10 days. The particle levels peaked again on 
26 September because of the secondary storm. The visible distance dropped to five 
kilometres on the day of the storm (the Queensland Environmental Protection Air Policy 
target visibility is 20 kilometres). There was a large drop in humidity during the dust storm 
due to the increased wind speed.  
3.1  Increases in the percentage of emergency admissions due to the dust 
storm 
Figure 3 shows the estimated effects of particulate matter for PM2.5 and PM10. There were no 
increases in emergency hospital admissions associated with increases in particulate matter.  
Figure 4 shows the fit for Model (1) using the DIC and a range of different start and end dates 
for the increase in emergency admissions due to the storm. The smallest DIC (best fit) was 
for an increase in emergency admissions on just one day: 24 September. The estimated 
increase in admissions using Model (1) on 24 September was 39% more admissions than 
average (95% CI: 5, 81%).  
Figure 5 shows the estimated increased in admissions using Models (1) and (2). Both models 
show that the effect of the storm was short lived, with no increase in admissions from two 
days after the storm and no impact from the second storm that hit 3–4 days after the first. 
Model (2) estimated a 17% increase in emergency admissions over a lag of 0–1 days 
(95% CI: −17, 68%).  
3.2  Differences in emergency admission characteristics during the dust storm 
Table 2 shows the results from comparing the admissions during the dust storm to those 
admissions a week prior to the storm. There were no significant changes in the characteristics 
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of admissions for either definition of a dust storm. The best multiple variable model 
(according to the AIC) was one with no independent variables for a dust storm defined as the 
week after the storm started, and a model with length of stay only for a dust storm defined as 
the day after the storm started (24 September). For the shorter definition of the dust storm 
there was some evidence of reduced lengths of stay (p-value = 0.14). The classification tree 
did not find any variables that differed during the storm, indicating no change in patient 
characteristics during the dust storm.  
There is a danger that this small study is underpowered to detect a difference in admission 
characteristics. To quantify this we used a power calculation to find the detectable difference 
in odds ratio given the sample size. With 246 admissions during the dust storm and 240 
control admissions the smallest detectable odds ratio is 1.8 for a binary independent variable 
with a 50% prevalence (e.g., sex), or an odds ratio of 2.3 for a binary variable with a 10% 
prevalence. These calculations assumed a 90% power and 5% two-sided significance level.  
4  Discussion 
Our results show that the dust storm had a substantial but short-lived effect on emergency 
admissions to hospital. Admissions increased by 39%, but this increase lasted only one day. 
We detected no change in the characteristics of emergency admissions during the dust storm 
(using either logistic regression or a classification tree), in particular there was no increase in 
respiratory admissions. However, the study was only powered to detect relatively large 
changes (odds ratios above 1.8).  
If a 39% increase in emergency admissions were repeated in every hospital in the path of a 
dust storm then this would be a significant public health problem. Also, our results may 
underestimate the problem because we only examined one aspect of the storm’s possible 
health effects. General practitioners or paediatric hospitals may have borne the brunt of the 
health problems (a borderline increase in asthma hospital admissions was found on the day of 
a dust storm in a Brisbane children’s hospital (Rutherford et al 1999)).  
A possible reason for the limited effect could be the successful avoidance strategies taken by 
the public (predominantly staying at home), particularly those vulnerable to air pollution such 
as asthmatics and the elderly. Queensland health recommends the following actions during a 
dust storm: staying indoors with windows and doors closed; using air conditioning on 
recirculate mode to reduce exposure to the outdoor air; and avoiding vigorous exercise 
(Queensland Health 2009). However, these avoidance measures are not universally available. 
In 2008 air conditioning was not available in 35% of homes in Queensland, and 20% of 
homes were made of timber which are often not well sealed (Australian Bureau of Statistics 
2008). 
We were not able to detect the effects of the dust storm using particulate matter levels 
(Figure 3), but we did using the timing of the storm (Figure 5). Particulate matter levels are 
based on the size of the particles regardless of their chemical composition. However, the 
chemical composition of particles has been shown to alter the risks associated with high 
exposures, with higher risks for particles made from metals such as aluminium and nickel, or 
elemental carbon (Bell et al 2009; Franklin et al 2008). A recent study in New York found no 
increased risk in hospital admissions with soil particulate matter, but did find increases with 
traffic and steel particulate matter (Lall et al 2011). The September 2009 dust storm in 
Australia was mainly soil from the Lake Eyre region, and so contained mainly mineral oxides 
(including nitrogen and iron). Particles from traffic are mostly carbonaceous materials 
including hydrocarbons and carbon monoxide (Robert et al 2007). These chemicals are far 
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more toxic to humans than soil dust, and exposure to traffic pollution is a daily public health 
problem unlike the intermittent problem of dust storms. An example of the negative health 
effects of air pollution in Brisbane is an inter-quartile range increase carbon monoxide being 
associated with a 3.2% increase in cardiac hospital admissions in the elderly (95% CI: 1.5, 
4.9%) (Barnett et al 2006). This increase is far smaller than the 39% increase shown here due 
to dust storms, but dust storms happen rarely, whereas increases in carbon monoxide have the 
potential to happen at any time (although levels are higher during winter, Figure 1). Over 
80% of the carbon monoxide in south-east Queensland comes from traffic, so a spike in 
carbon monoxide could be caused by a busy traffic day. 
Previous studies have similarly found small adverse health effects from dust storms. A study 
in Taipei showed that hospital admissions for ischaemic heart disease were 16–21% higher 
on sandstorm days, but there were no increases in admissions for cerebrovascular disease, 
asthma or pneumonia (Bell et al 2008). Other studies in Taipei found a non-statistically 
significant increase in hospital admissions and deaths due to dust storms (Chen et al 2004; 
Chen et al 2005). A study in British Colombia found no effects of dust storms on hospital 
admissions (Bennett et al 2008). A study in Cyprus found all-cause and cardiovascular 
admissions were 4.8% (95% CI: 0.7, 9.0%) and 10.4% (95% CI: −4.7, 27.9%) higher on dust 
storm days, respectively (Middleton et al 2008). Studies in Korea and Washington found no 
increase in daily mortality due to dust storms (Kwon et al (2002); Schwartz et al 1999).  
Our study had a narrow focus as we only examined admissions from one hospital. It would be 
useful to see whether mortality increased during the dust storm (accidental and non-
accidental). However, at the time of writing the daily data on mortality were not yet available 
for 2009. 
Australia is likely to face more dust storms due to global warming. Australian hospitals 
should prepare for a short-term spike in admissions when the next dust storm hits. Vulnerable 
members of the public should limit their exposure by staying indoors, turning on air 
conditioning (if it is available), and closing doors and windows (Queensland Health 2009).  
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Figure 1: Time series of pollutants, weather variables and emergency admissions over time. 
The dotted vertical line shows the start of the dust storm (23 September 2009). The y-axes for 
the PM results are on a log scale. 
 
 
Figure 2: Time series of pollutants, weather variables and emergency admissions over time in 
the 2 weeks before and after start of the dust storm. The dotted vertical line shows the start of 
the dust storm (23 September 2009). The y-axes for the PM results are on a log scale. 
 
 
Figure 3: Effects of a log 10 μg/m3 increase in particulate matter on emergency admissions 
over days 0 to 21 since exposure (lag days). Estimates using a third order polynomial lag for 
particulate matter. Mean effect (solid line) and 95% confidence interval (dashed lines). The 
y-axes show the rate ratios; a horizontal line is shown at a rate ratio of 1 corresponding to no 
change in the rate of admissions. 
 
 
Figure 4: Deviance information criterion for different start and end dates using Model (1) to 
estimate the change in emergency admissions. The smaller the DIC, the better the model fit. 
The smallest DIC was 1,926 for a start date of 24 September and end date of 25 September. 
 
 
Figure 5: Percent change in emergency admissions due to the dust storm by the number of 
days since the storm using Model (1) (left) and Model (2) (right). Mean effect as a solid line 
and 95% credible intervals using a dashed line. A dotted horizontal line at zero represents no 
change in admissions. Although we modelled an increase up to 21 days the estimated effects 
were zero from two days after the storm for both models. 
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Table 1: Basic characteristics of the Prince Charles Hospital emergency admissions before 
(1 January to 22 September 2009) and after the dust storm (23 September to 31 October 
2009). 
Before  After 
Number of days, N  265 39 
Admissions, N  9,098  1,353 
Admissions per day, median (IQR)  34 (29, 40) 35 (31.5, 39)
Length of stay (days), median (IQR) 3.5 (1.5, 6.5) 3.5 (1.5, 6.5)
Age (years), median (IQR)  62 (43, 78) 63 (45, 78) 
Sex (male), N (%)  4,595 (50.5) 695 (51.4) 
IQR = inter-quartile range  
 
 
Table 2: Case-only analysis comparing the emergency admissions during the dust storm 
(using two definitions) to admissions one week before the storm. Results from single variable 
logistic regression models. 
Date(s) covering the health effects of the storm 
23–29 September  24 September 
Variable (change)  Mean (95% CI) P-value Mean (95% CI) P-value 
Sex (male vs female)    1.19 (0.83, 1.72) 0.35   1.23 (0.66, 2.29) 0.51 
Age (10 year increase)    1.03 (0.94, 1.13) 0.47   1.00 (0.86, 1.17) 0.96 
LoS (1 day increase)    0.99 (0.96, 1.01) 0.29   0.95 (0.88, 1.02) 0.14 
A&E (yes vs no)    0.76 (0.33, 1.76) 0.52   0.65 (0.14, 2.93) 0.57 
Respiratory (yes vs no)    1.15 (0.67, 1.99) 0.61   0.64 (0.22, 1.86) 0.41 
Cardiovascular (yes vs no)   0.95 (0.62, 1.46) 0.83   0.95 (0.47, 1.91) 0.88 
LoS = length of stay; A&E = admission came via accident and emergency  
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